Abstract: An explosive growth in vehicular wireless services and applications gives rise to spectrum 1 resource starvation. Cognitive radio has been used to vehicular networks to mitigate the impending 2 spectrum starvation problem by allowing vehicles to fully exploit spectrum opportunities unoccupied 3 by licensed users. Efficient and effective detection of licensed user is a critical issue to realize cognitive 4 radio applications. However, spectrum sensing in vehicular environments is a very challenging 5 task due to vehicles mobility. For instance, vehicle mobility has a large effect on the wireless 6 channel, thereby impacting the detection performance of spectrum sensing. Thus, gargantuan efforts environments can be characterized by a temporally correlated Rayleigh fading. In this paper, we 10 focus on energy detection for spectrum sensing and a counting rule for cooperative sensing based 11 on Neyman-Pearson criteria. Further, we go into the effect of the sensing and reporting channels 12 condition on spectrum sensing performance under temporally correlated Rayleigh sensing channel.
Spectrum sensing [5] is a wealthily investigated subject, but is more concentrated in traditional 48 CR networks. Among them, cooperative sensing [6] has already attracted strong research interest as it 49 can take further advantage of both spatial and temporal diversity, and thereby garner better sensing 50 accuracy and efficiency in the face of fading. However, these existing spectrum sensing techniques can 51 not be directly applicable to vehicular networks. And it's all because we have to give an account of the 52 idiosyncrasies of vehicular networks such as high mobility while designing sensing schemes for CVNs
53
[3], [8] . For instance, rapid movement of vehicles makes the availability of spectrum holes dynamically 54 change since a vehicle may enter or leave a region interfered by a particular PU at different locations 55 along the road. In this regard, it is considerable for SVUs to detect PU activities in the fastest possible 56 way. Additionally, the vehicles' motion are restricted and predictable due to the fixed road topology.
57
In consequence, each vehicle may be glad to know in advance the spectrum opportunities to better 58 utilize them for transmission on its track. Further, high speeds and the environmental clutter can affect 59 the received signal due to Doppler effect, fading and shadowing. These factors will have immediate 60 impacts on spectrum sensing of CVNs. There are a PU, cooperative SVUs, and a CR-BS over wireless sensing/reporting channels.
Channel Model

116
In the above scenario, we consider the wireless channels, which have no correlation in space but are temporally correlated following the Jakes' model of land mobile fading channel (Table 2 .1 in [15] ). Let ρ(τ) denotes the correlation coefficient between two samples separating τ time interval, which satisfies
where J v (·) is defined by the vth-order Bessel function of the first kind, and 
119
The correlation specialities of the fading progress depend only on F d T s , as illustrated in fig. 2 ("fast" fading).
127
Note that M 1 and M 3 are two extreme cases of temporally correlated Rayleigh fading channel. 
Sensing Model
129
Spectrum sensing is a binary hypothesis detection issue, with the null (H 0 ) and alternative (H 0 ) hypotheses associated to the presence and absence of PU in a given frequency band, respectively. We consider a cognitive vehicular network consisting of N collaborative SVUs. Assume L sampling observations can be used within a sensing interval. Under both hypotheses, the received observation by SUV i at the kth time instant can be expressed as, respectively
where, s(k) is the baseband-equivalent signal transmitted by the PU, x i (k) denotes the received
130
signal by SVU i, h i (k) denotes the sensing channel gain with E[|h i (k)| 2 ] = 1, and n i (k) denotes 131 white and circularly symmetric complex Gaussian (CSCG) noise with mean zero and variance σ 2 n , i.e.,
It's assumed that s(k), h i (k) and n i (k) are independent of each other, which is 133 reasonable from a practical situation.
134
To reduce the complexity and reporting channel overhead, each SVU employs a mapping rule to its observations, to produce a quantized information denoted by q(x i ). In this paper, we suppose each SUV makes a binary decision u i = q(x i ) ∈ {+1, −1} with probabilities of false-alarm and mis-detection P f i and P mi . These decisions are then reported to the FC via a fading reporting channel or link, bit error may happen, which further affects the sensing performance at the FC. We will model the reporting channel as a Rayleigh fading channel. The received observation at the FC from the ith node can be descried as
where g i is the fading gain of reporting channel and w i is a zero-mean Consequently, the local test statistic of the energy detector at the ith SUV, denoted by e i , is basically an estimate of received signal energy which is represented as:
Let λ denotes the local decision threshold and u i denote the local decision of the ith SVU, the decision rule used by energy detector at each SVU can be expressed as
This means that when e i is greater than or equal to λ, SVU i makes its individual decision u i =+1
151
which tells PU signal is detected (H 1 ); otherwise, it makes a decision u i =-1 which declares that PU 152 signal is not detected (H 0 ).
153
For a high number of sensing observations L, on the basis of the Central Limit Theorem ( CLT ), the local test statistic e i given by (3) can be well modeled by a normal or Gaussian distribution under either H 0 or H 1 [17] . Accordingly, the probability density function (PDF) of e i at individual SVU can be compactly characterized by
where
represents the instantaneous signal-to-noise ratio (SNR) experienced by the i-th SVU within the current 154 sensing period. It is straightforward to see that η i varies from (sensing) period to period, since it generally hinges upon the fading characteristics of the wireless channel. And
the transmitted signal energy by the primary user over a sensing interval of L sampling observations.
157
In the above discussed case, the probabilities of false alarm, miss detection and detection for local sensing at the i-th SVU can be represented by the following formulas, respectively
where Q(x) is defined by the complementary cumulative distribution function of the standard
2 )dt.
159
It's apparent that, P f i in (8) is independent of received SNR because P f i is considered for the 160 hypothesis of no PU signal transmission. On the other hand, P mi in (10) is a conditional probability 161 depending on instantaneous received SNR η i . In this circumstance, the average P m can be calculated From (8) and (10), we also see that, λ can be analytically set to maintain the desired P f if P f is designated as the constraint of the detection problem. Then, we obtain P mi related to the desired P f as follows
where Q −1 (x) is defined by the inverse function of Q(x).
165
Next, we first consider the case of M 1 , in which the vehicles move more slowly, F d T s is small (< 0.001). And thus, the channel gain h i (k) remain virtually unchanged during the sensing interval, i.e., h i (k) = h i for k = 1, 2, · · · , L. Thus, η i given by (7) can be rewritten as:
is the local average SNR measured at the secondary receiver. It is thus note-worthy that 166 the local average SNR is L times more than the average SNR measured at the energy detector output,
167
which can be expressed as
Under Rayleigh fading, the instantaneous SNR η i can be viewed as exponentially distributed
For ease of calculation, we make the following approximation for equation (11) as
Preprints ( In what follows we shall define, for the sake of conciseness
Consequently, the average P m in the case of M 1 , P m , can be calculated by integrating (15) over (13) and making the change of variable x = Aη − B yielding
By capitalizing on the integrating characters of Q-function [19] , and after some simplification, we can derive the following formula for P m
In the case of M 2 , in order to obtain P m in closed form, it desirable to obtain the PDF of η i given 169 in (7). Unfortunately, So far as is known, there is no closed-form expression available for such a 170 distribution. Therefore, it is computationally infeasible to obtain a closed-form expression for P m in 171 the present of temporal fading correlation. Instead of deriving a closed-form for P m , we estimate P m 172 through a Monte Carlo simulation.
173
Highly mobility of vehicles lead to an increase in Doppler shift F d T s , and thereby resulting in 174 degraded correlation among sampling observations. In the case of M 3 , the sampling observations of 175 the fading channel {h i (k)} are completely independent of each other, η i given by (7) can be reduced to 176 the following equation
It is plain to see that η i is independent of instantaneous fading statistics. Thus, the P m in this case 178 can be computed directly by (10) and (18). 
Cooperative Sensing with Counting Rule
180
The concept of cooperative spectrum sensing is to utilize multiple SVUs at different locations and 181 fuse their independent sensing messages into one unified decision inferring the presence or absence of 182 the PU. In this section, we will ponder this approach based on hard fusion, and also look at the impact 183 of the reporting channel fading to the global detection performance. 
Equivalent Local Probability of False Alarm and Miss Detection
185
In consideration of the unreliable characteristic of the reporting channels, let us determine its effect on the reliability of the decision made by the FC. Let v i denote the decoded version of z i for the ith SVU at the FC, the decoded rule can be expressed as
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And, more remarkable, under the hypothesis H j (j = 0, 1)
denotes the expectation and variance operator with respect to x.
186
As can be seen from (20) and (21), the expectation and variance of received decision v i are directly 187 depend on the probability P(z i ≥ 0 H j ), which can also be referred to the equivalent probability 188 of false-alarm and mis-detection of local sensing. For notational convenience, let us denote this 189 probability by P Fi and P Di under both hypothesis. In order to capture the statistical properties of v i ,
190
we first need to obtain the probabilities
Clearly, under the hypothesis H 0 (H 1 ), u i obeys the following distribution with the parameter of P f i (P di ).
Then, under the hypothesis H j , the equivalent probability of false alarm and miss detection can be written as:
Without loss of generality, suppose that the reporting channels between SVUs and FC is also Rayleigh fading channel draw from CSCG distribution CN (0, 2). In the other words, the PDF of the channel gain g i can be represented as
On the basis of the fact that y i = g i u i , z i = y i + w i and w i is a zero-mean Gaussian variable with variance δ 2 i , we can easily get Further still, according to this fact that f (z i |y i , u i ) = f (z i |y i ), which is stemmed from the fact that (h i , u i ) → y i → z i is a Markov chain, we can safely come to the following result
Then, substituting (25) and (26) into (27), we can obtain the conditional PDF of the received observation z i , given the local decision u i = +1, as
More specifically performing a change of variable t = y i − z i 1+δ 2 i and making the best of the integral properties of Q-function, we can obtain
192
Integrating both sides of (29) with respect to z k , we can obtain
where γ i denotes the SNR of the Rayleigh fading reporting channel.
193
A similar analysis can be conducted for the case of u i = −1, we have
By substituting (30) and (32) in (22) and (23), and after some simplified calculations, we can obtain the equivalent local probability of false alarm and detection as
and
From (33) and (34), we can see that, if P di > 1 2 , then P Di < P di . Only when P di < 1 2 , then P Di > P di .
194
In other words, the equivalent probability of miss detection at the FC high above the local probability
195
of miss detection at each SUV. In the same manner, when P f i > 1 2 , P Fi < P f i . Only when P f i < 1 2 , the 196 channel error "increases" P Fi to be higher than P f i . Without doubt, this is achieved with an accompanied 197 rise in the probability of miss detection.
198
Besides, we also see that, as the reporting channel becomes more unreliable ( low SNR situation,
199
i.e., SNR γ i → −∞ ), the equivalent probability P Di (P Fi ) is close to
comes near to P di (P f i ), I would like to say this is a perfect reporting channel. 
Global Probability of False Alarm and Miss Detection
202
Assuming that the reporting channels do not interfere with each other, and the delay is negligible.
203
Once the fusion center decodes {z i = g i u i + w i ; i = 1, 2, · · · , N} and gets {v i ; i = 1, 2, · · · , N}, a global 204 test statistic based on the counting rule is calculated linearly as follows:
where T is the global decision threshold of counting rule, which can be in the form of T = αN. This 206 means that T or more SVUs decide hypothesis H 1 , then the global decision is H 1
207
From the preceding analysis, we can see that v i is a binary random variable which follows a
208
Bernoulli distribution characterized by the associated P Fi and P Di . It is noteworthy that the pairs and
where β 1 and β 2 are positive values. Then, for sufficiently big N,
For the applicability of LF-CLT, we will show how above-mentioned Lindberg-Feller conditions 
and variance
Consequently, the global probability of false alarm and miss detection at the FC in this case can be described by
When the prior probabilities of presence and absence of PU are equal, i.e., P(H 1 ) = P(H 0 ) = 1 2 , the total probability of error detection can be written as
Numerical and Simulation Results
222
In this section, both theoretical and simulated results are provided to illustrate spectrum sensing 223 performance in cognitive vehicular networks. The PU signal is assumed to enjoy unit power and average SNR is assumed to be the same for all SVUs, e.g., η 0 = -8 dB and γ 0 = 5.5 dB. The performances 228 with respect to the local (global) probability of miss detection is estimated to meet the constraint on the local (global) probability of false alarm of P f (Q f ) = 0.1. The number of realizations made to compute 230 the simulating probability of miss detection is 10000, which are set to guarantee the simulation results
231
can validate the theoretic analysis in the low probability region.
232
Firstly, we manifest the performance of spectrum sensing with energy detector in non-cooperative 233 cases, which is a key springboard of the study in cooperative cases. In Fig. 4, we 
236
It is illustrated that the probability of miss detection declines with the increase of vehicle velocity.
237
This reason is that high mobility gives us an opportunity to achieve more received signal information, 238 thereby enables SVUs to obtain higher sensing performance.
239
In Fig. 5 , we present the average P m curves as a function of the average SNR of sensing channels.
240
The capability of energy detector declines quickly with the reduce of the average received SNR from 241 10dB to -12dB. It can be seen that the simulating results are in accordance with the theoretical analysis Secondly, we focus on cooperative cases. In Fig. 6 , we plot the global probability of miss detection 
252
In Fig. 7 , we present the ROC curves for different channel model. Note that, in the case of M 1 and 253 M 3 , we obtain the average mis-detection probability for local sensing, allowing for a much smoother 254 global probability curve than the case of M 2 .
255
In Fig. 8 , we present the average Q m curves as a function of the average SNR of reporting channels.
256
In the condition of poor reporting SNR, large bit error occurs, which severely degrade the detection 257 performance. We can clearly see that cooperative sensing performance improves quickly with the 258 increase of the average SNR of reporting channel from -8dB to 8dB. Note that the sensing performance 259 in AWGN channel is always better than in Reyleigh channel.
260
In Fig. 9 , we plot the global probability of error detection (Q e ) as a function of the local false-alarm 261 probability. We can clearly see that, under certain conditions, there is an minimum probability of error 262 detection, and that can be achieved when the local probabilities of false-alarm and mis-detection are 263 equal ( P f = P m ). In Fig. 10 , we plot the minimum achievable probability of error detection (Q e ) as a 264 function of the number of SUVs. 
Conclusion
266
In this paper, we have researched the application of cognitive radio technique to vehicular 267 environments for purpose of improving the reliability for vehicular communications. And for this,
268
we evaluated the detection performance of spectrum sensing in mobile vehicular environments.
269
Simulation results demonstrate that temporally correlation can not be neglected and be one of the 270 considerable factors that may impact the sensing performance. In particular, highly mobility of the 271 vehicles provides the opportunity to exploit temporal diversity at each vehicle. In spite of the fact that 272 cooperative sensing have normally been considered as a viable means of producing better detection 273 performance by making the most of spatial diversity among vehicles, we do believe that due to highly 274 mobility, temporal diversity may be used in preference over vehicles' cooperation in the coming future. In the following, we make clear how the two sufficient conditions (37) and (38) for the LF-CLT In the first step we shall prove that the first condition is satisfied. As can be seen from (21) 
It is sufficient to show that, under the hypothesis H 1 , the variance of v i is lower bounded by a 288 positive value, as long as the P di are bounded away from 0 and 1.
289
In the next step, we show that the second condition (38) is satisfied. Let us make use of the fact that v i is a binary random variable which follows a Bernoulli distribution characterized by the associated P Fi and P Di . It is plain enough that under the hypotheses H 1
Accordingly, it is straightforward to see that P Di (1 − P Di ) is upper bounded by a positive value.
290
In the above analysis, we prove that the two sufficient conditions (37) and (38) in the LF-CLT are 291 satisfied under the assumption of hypothesis H 1 explicitly, but the same proved method can be carried 292 out to demonstrate the effectiveness under the hypothesis H 0 .
